Abstract-This article compares the performance of two energy storage technologies, namely supercapacitors and Li-ion batteries, in the context of Direct Wave Energy Converters (DWEC). Both the sizing and management of an Energy Storage System (ESS) are described, and the SEAREV project has been used as an example. The main objective is to compare the two technologies on the basis of their life cycle cost. The ESS is necessary for grid integration due to the flicker constraint, which is not being satisfied without storage. The rule-based energy management approach introduced herein depends on the State of Energy of this ESS as well as the power produced by the DWEC. This management strategy has been optimized for each size in order to reduce aging speed while strictly respecting the flicker criterion. The final design is expected to minimize total system cost, i.e. the sum of investment cost and operating cost (losses and replacements). The aging models applied take into account temperature and cycling effect in order to estimate this replacement cost. Such an optimization routine is especially critical for offshore systems like Direct Wave Energy Converters, which require both cost reduction and high reliability.
I. INTRODUCTION
The integration to the grid is one of the keys to the development of renewable sources, as Direct Wave Energy Converters (DWEC). In particular, flicker has been identified as an important element for wind turbines [1] and wave energy converters [2] - [4] . Indeed, the combination of the weak grid (because of the near-shore distribution grid) and fluctuations in production can cause significant flicker non-compliance. Smoothing the production with an Energy Storage System (ESS) is one way to solve this grid integration problem. The wave energy converter considered in this study is the SEAREV [5] (cf. Figure 1 ). The instantaneous produced power This work has been supported by the French National Research Agency (ANR) within the project QUALIPHE (power quality and grid integration of direct wave energy converters), which is part of the PROGELEC program.
by a single unit is between 0 and 1.1 MW with an average production (over a year) of 126 kW. Supercapacitors can hold a large number of cycles and offer a reduced cost per unit of power [4] . That led to consider this solution [4] [6] for the ESS. In order to reduce costs, a comparison is drawn between these devices and other technologies, more specifically the high-power Li-ion battery, which is definitely capable of competing with a supercapacitor in terms of power cycling or cost per unit of power, for examples with Lithium Titanate technology.
The purpose of this study therefore is to minimize the ESS cost while ensuring that the energy quality constraint has been satisfied (see Fig. 2 ). Other impacts, as for example environmental impact, like greenhouse gas emission or energy consumption, could also be compared, but are not a part of this study. Therefore, the energy management and the sizing will be optimized under a non-linear constraint on the power injected into the grid.
Past uses of a life cycle cost analysis as part of a sizing process are limited [6] - [8] . The life cycle analysis conducted for this problem with supercapacitors under similar hypotheses has already been presented in [4] . A Li-ion battery model has been added to the present analysis in order to compare the two technologies for this specific application.
Comparisons between technologies are widespread and often focus on the cost of these systems [9] - [12] , though few actually perform a life cycle cost analysis [13] , [14] . However, Fig. 2 . Life cycle cost analysis applied to storage capacity sizing using electric, thermal and aging models with an optimized management strategy such an analysis proves to be critical, especially for stationary applications; to the best of our knowledge, no previous work has taken advanced aging models into account.
II. MODELS AND HYPOTHESES

A. Rule-based Energy Management
The complete system with all its power flows is illustrated in Figure 1 .
The effects of losses on the dynamic behavior of the system are neglected because the dynamic behavior does not change significantly by not considering them. But, losses are not completely neglected; they are indeed part of the operating cost. With this assumption, the ESS is considered as a pure integrator. This assumption is often used for this type of problems, and can be summarized by the following equations:
with E Sto the stored energy in the ESS, P Sto the power in the ESS, P P rod the power produced by the DWEC, and P Grid the power injected into the grid. The energy management steps discussed herein are part of a rule-based control strategy with adjustment parameters that allows for optimizing these parameters (hence, optimizing process management) based on both the constraints and costs. The rule is that the stored power linearly depends both on the power produced and on the state of energy of the ESS. This type of law is inspired by fuzzy logic management [15] - [17] :
Three adjustment parameters are found in this management law, i.e.: E M in , τ and α, which respectively denote the minimum stored energy, the storage time constant, and a ratio (bounded between 0 and 1) that is proportional to the share of smoothed power within the power injected into the grid. P M in corresponds to the minimum instantaneous power (here 0 MW). This management rule is illustrated in Figure 3 . For each sizing, the management parameters are chosen so as to minimize the speed of aging.
The Energy Storage System is necessary to satisfy the flicker constraint for some sea-states. The maximum allowed long-term flicker severity value P lt for a wave farm is 0.25, according to French rules for a MV grid (distribution mediumvoltage grid between 1 kV and 50 kV, typically 20 kV).
The total long-term flicker severity value P lt for a farm with N i converters and the same individual long-term severity P lti is assumed to equal:
The studied situation is a farm of 20 productive units; then, the limit for each unit would be: 0.25/ √ 20 = 0.056. This constraint will be used to size the individual Energy Storage System (ESS), which is controlled individually. Let's also assume that the grid has a short-circuit apparent power of 50 MVA and a grid impedance angle of 60
• , both of which are values for a weak medium-voltage grid, typical from some near-shore or island grid. In order to partially compensate voltage fluctuation, the grid reactive power production is set to: Q Grid = −0.2 P Grid , the maximum authorized value.
An example of two management parameters that respect flicker constraint are in Fig. 4 . We notice that the ESS is used more in power when α is big and more in energy when τ is big.
B. Supercapacitors and Li-ion batteries electrical and thermal model
For both technologies, a reference element is used: a Maxwell cell with a 3000 Farads capacitance and a 2.7 volt rated voltage [18] for the supercapacitors and an Altairnano battery (nanostructured lithium-titanate for the negative electrode and lithium-manganese oxide for the positive electrode) with a 60 Ampere-hour capacity and a 24 volt rated voltage [19] for Li-ion batteries.
The electrical model chosen to represent a supercapacitor is the series connection of a capacitance C (3000 F) and an Equivalent Series Resistance ESR (0.29 mΩ). We model the Li-ion battery by a voltage source E (24 V) and an internal resistance ESR (3.9 mΩ) in series. Both model are oversimplified, unless the State-of-Energy of the ESS stay relatively unchanged. We will make that hypothesis and try to confirm it with the results.
The series and parallel connections of these elements allow adjusting the rated voltage and total size of the ESS. All cells are assumed to be identical and to endure the same conditions. We can notice that balancing circuits are typically used to compensate voltage deviation between the cells, and thus help to make this assumption.
The self-heating effect is very important because the degradation rate accelerates exponentially with respect to temperature, as we will see later. The thermal time constant of the cells are considered to be high enough relative to the waves period (typically ten seconds) so as to neglect case temperature variations. In order to determine the case temperature of the elements, we thus introduce a simple static thermal model:
where θ c and θ a are the case and the ambient temperatures (the latter is assumed to be constant and equal to 25
• C), R thca the thermal case-ambient resistance of the element, and I the current flowing through the component. The operator x represents the average of a quantity over a cycle duration. Thus, during a cycle, the case temperature θ c is considered as a constant. The thermal resistance R thca is 3.2 K/W for supercapacitors and 0.28 K/W for batteries (hypothesis: heat transfer coefficient is equal to 10 W/(m 2 K)).
C. Supercapacitors and batteries aging models
A state variable SoA serves to quantify the State-of-Aging for both aging models; its use is similar to the State-of-Health SoH parameter found in some battery models (SoA = 1 − SoH). The value is initially 0 and reaches 1 at the end of the device lifetime.
The supercapacitor aging model has been fully described in [4] . Aging variation depends on: the case temperature θ c , voltage across the cell V , and the root mean square current though the cell I RM S :
where
K and k RM S are aging parameters described in [4] and given in Table I . τ f ilter RM S corresponds to the time constant used to compute the RMScurrent I RM S . The temporal resolution used here to compute the average aging speed is 0.1 s. δt is the duration of the seastate considered. The Li-ion battery aging model is a cycling model based on manufacturers data (see Fig. 5 ) that take into account both cycling and calendar aging. 
where N is the total number of half-cycles during a seastate with a duration of δt, i is the index of the half-cycle Table II . A rainflow-counting algorithm is used to determine all half-cycles. It transforms time series into various cycles in order to apply cycling aging models in the case of complex loading [21] . This algorithm has been described in detail in the relevant standard [22] , and a MATLAB implementation is given in [23] . 
III. SIZING MINIMIZING LIFE CYCLE COST A. Life Cycle Cost Analysis
The goal of this model is to determine the sizing that minimizes total lifetime cost C lif e ; this cost takes into account the price of losses using a feed-in tariff set at c F eed−in = 0.15 e/kWh, with the initial investment costing c Energy = 15 ke/kWh for the supercapacitors and c Energy = 300 e/kWh for power Li-ion batteries (Lithium Iron Phosphate price with some suppliers). The replacement cost considers just the price of the new storage system. So, this model does not take into account either the intervention cost or production losses during failure, both of which can be considerable in an offshore system.
where ∆t is the lifetime of the DWEC system, taken at 20 years and N replace is the number of replacements and is an integer, its value comes from the relation:
where x is the floor function, that is the largest integer not greater than x and dSoA/dt is the aging speed averaged over a sea-state. Results are shown in Figure 6 . The investment cost is proportional to the capacity, the losses are inversely proportional to the capacity and the replacement are many with small size due to large cycles and high self-heating. The cost are similar despite the major differences in capacity between the two technologies because the application demands a lot of power compared to the need of energy.
The life cycle cost discontinuity comes from the number of replacements, which is an integer. We can see that there is a big problem of robustness because a little change in capacity can have a great impact on life cycle cost. 
B. Considering aging model uncertainty
The aging models are not sufficiently accurate to make sure prediction about replacement. That is why we want to take into account the uncertainty concerning the aging model and hypotheses that have impact on aging, such as a constant ambient temperature. It is usual during a model fitting to have experiments that differ from model within a factor 2, and it is not rare to find a factor 3.
That is why we will now consider that the number of replacement is a stochastic variable N stoch.
replace with a multiplicative factor e x that follows a normal distribution:
with x , the floor function, x, a stochastic variable that follow a normal distribution φ (x) whose mean value is 0 (there is the same chance to underestimate or to overestimate the lifetime) and whose standard deviation is σ = ln(2), corresponding to a typical error factor of 2 (the lifetime prediction is two time shorter or longer than the real lifetime). And we can compare this variable with the median value of the lifetime for the Energy Storage System M T lif e ESS that corresponds to the inverse of the average aging speed, i.e.: Fig. 7 illustrated this relation. This figure shows the number of replacement as a function of the median value of the lifetime M T lif e ESS , calculated using (5) and (6) . The usage time for the complete DWEC is supposed to be 20 years. The different areas represent different probabilities to have a number of replacement during this period of time. This is close to reliability or decision risk approaches. For a lifetime prediction of 20, 40 and 60 years, we can see the probability to have a given number of replacements (0, 1, 2 or 3) during the considered lifetime. We can notice that Fig. 7 does not depend on the aging model or even the problem, but only on the distribution choose to represent the uncertainty. (5) and (6)). For a median value of 20, 40 and 60 years, the probabilities to have 0, 1, 2 or 3 replacements during a usage time of 20 years are shown.
C. Results
The expected value of the cost as a function of rated energy for both technolgies is shown in Fig. 8 . For this figure, we change the replacement cost with its expected value :
We can notice that the supercapacitors solution is a trade-off between investment and replacements and the battery solution is more a trade-off between investment and losses. Table III lists selected characteristics of two optimal solutions. While the rated energy and expected lifetime results differ by a wide margin, a similar price and weight is still found even though, in this case, the supercapacitor seems to be the cheaper solution.
The energy used is around 0.25 kWh, that is very small compared to the energy capacity in both case. So the State-ofEnergy with both technologies is almost constant, so the simplified electrical models are partly justified (State-of-Charge dependency is not useful here).
Because the aging is important for the cost, the life cycle cost has an important dependency on ambient temperature (see Fig. 9 ). The optimum for battery technology does not change a lot with the ambient temperature, because it is mainly a trade-off between losses and investment that does not depend on aging. The supercapacitor optimum size is bigger when temperature is bigger because it is a trade-off between investment and replacements, that depends a lot on aging. For the same reason, the optimum for supercapacitor does not depend a lot on storage price while the optimum for Li-ion battery changes with price.
IV. CONCLUSION
The goal of this study is to determine which technology has the lowest life cycle cost between supercapacitors and Liion batteries in a specific case, that is smoothing Direct Wave Energy Converter with a flicker constraint.
For this purpose, we use electrical, thermal, aging and cost models. The life cycle cost analysis proposed here considers the investment, the replacements and the losses.
The first optimum seems to suffer from a lack of robustness, so we decide to take into account the uncertainty of aging models with an error factor that follows a normal distribution.
Supercapacitors seems to be cheaper for this application, but power Li-ion batteries are not excessively more expensive and results may change if battery prices fall faster than those of supercapacitor. The purpose of the sizing is to minimize life cycle costs. The final life cycle cost of around 53 ke seems to be admissible, representing an impact on energy costs around 2.4 e per MWh produced.
To further decrease this cost, several solutions can be studied such as an improved energy management [24] .
This study is only part of the design of a complete electric conversion chain that takes lifetime into account [25] [26] . In the case of DWEC, other more efficient control strategies to convert wave energy are available [27] , though these would also be more stringent in terms of power fluctuation and hence in terms of flicker and fatigue cycling. The influence of such control strategies for energy conversion should be considered in future research on this topic.
